Abstract: Evaluation of docking results is one of the most important problems for virtual screening and in silico drug design. Modern approaches for the identification of active compounds in a large data set of docked molecules use energy scoring functions. One of the general and most significant limitations of these methods relates to inaccurate binding energy estimation, which results in false scoring of docked compounds. Automatic analysis of poses using self-organizing maps (AuPosSOM) represents an alternative approach for the evaluation of docking results based on the clustering of compounds by the similarity of their contacts with the receptor. A scoring function was developed for the identification of the active compounds in the AuPosSOM clustered dataset. In addition, the AuPosSOM efficiency for the clustering of compounds and the identification of key contacts considered as important for its activity, were also improved. Benchmark tests for several targets revealed that together with the developed scoring function, AuPosSOM represents a good alternative to the energy-based scoring functions for the evaluation of docking results.
Introduction
The modeling of protein ligand interactions by computational molecular docking is a widely used approach for virtual screening. One of the most challenging problems with this method lies in the identification of active compounds in large sets of docked molecules. Typically, ligand-binding affinity is estimated by scoring functions. Ideally, scoring functions should be able to select the correct pose for each molecule and arrange ligands in accordance with their affinity to the receptor. In practice however, estimation of binding energy is a very difficult task. Several studies have shown that although docking programs are usually able to provide poses with correct ligand conformation, the relevant estimation of binding affinity for the right pose remains a great challenge. [1] [2] [3] [4] [5] [6] Another problem posed by the scoring function approach, is the strong dependency of scoring efficiency on a particular data set. 5, 7 Some authors 3 have suggested making trial runs for the target of interest using ligand sets with known activity in order to define the best suitable scoring functions. Various machine learning methods [7] [8] [9] have been used for the construction of target dependent docking scoring functions. Consensus scoring methods, which offer promising prospects to solve the problem, take into account predictions from several scoring functions. 10, 11 However, if all scoring functions fail to estimate the binding affinity, the consensus will also yield poor results. 12 Thus, the development of new approaches for a more efficient evaluation of docking results remains a pressing issue.
In the past decade, several methods based on binding mode contact analysis have been developed for the characterization of protein ligand interactions in docking experiments. 13, 14 This approach takes advantage of the fact that in the majority of cases, structurally similar ligands present high conservation of the binding modes to their receptor. 15 The key idea of this method uses the similarity of binding modes to identify native like poses to select active compounds. The pharmacogram approach 16 utilizes similarity to the pharmacophore grid to score docking poses and compounds. The grid is constructed using the best poses out of several best-docked compounds topranked by conventional scoring functions. The template-based method uses knowledge of the key receptor ligand interactions to focus docking searches on poses similar to the template. 17, 18 The template is generated from an experimental protein ligand complex structure. This method can be implemented as an additional term to the scoring function, and has been shown to improve results of docking evaluation. Analogously, the structure interaction fingerprint method 13 uses ligands from cocrystal structures as a reference for the native contact set. Interactions found between a ligand and a receptor are presented as fingerprints which are constructed for all poses of all docked molecules and scored in accordance with the similarity to the reference as measured by the Tanimoto coefficient. The structure interaction fingerprint method has been shown to provide results superior to the conventional scoring function approach. However, the mandatory requirement of reference data for the structure interaction fingerprint method raises important limitations of this promising approach. The concept of contact fingerprint comparison was successfully applied in the maximum common binding mode approach for the selection of the native like poses of active molecules.
14 Poses of docked ligands were scored according to the similarity of their binding modes and poses, the highest rank selected as native like conformations. The method performed better than individual scoring functions and did not require a reference structure.
Automatic analysis of poses using self-organizing maps (AuPosSOM) 19 represents a new approach that uses the concept of contact fingerprint similarity for virtual screening. Kohonen's self-organizing maps (SOM) method 20 is applied for the unsupervised clustering of docked compounds, 21 ligands and decoys then arranged in the hierarchal tree with respect to the similarity of binding modes. The problem of the correct pose selection is overcome by the use of statistical analysis of the contact information over all poses of the ligand. The AuPosSOM approach has been shown to provide good results for the tested data sets, clustering a significant number of active compounds separately from the decoys. 19 However, preliminary knowledge of activity for at least a few active compounds is required for the selection of the correct cluster.
In this study, we developed a scoring function for the identification of the active compounds in the AuPosSOM clustered dataset without prior knowledge of the compounds' activity. Additionally, we improved the efficiency of the clustering and key contact data analysis. Benchmark tests for several targets revealed that together with the newly developed scoring function, AuPosSOM represents a good alternative to energy-based scoring functions for the evaluation of docking results. Our method does not require reference data such as the crystal structure of the protein ligand complex.
Materials and methods Datasets
Datasets for the benchmarking tests of AuPosSOM were obtained from the DUD 2.0 database (DUD -A Directory of Useful Decoys; Shoichet Laboratory, University of California, San Francisco, CA, USA). 22 The DUD database contains ligands and decoys for 40 protein targets with the approximate active compounds:decoys ratio 1:36. Decoys are physicochemically similar but topologically dissimilar to the active ligands. Because of these properties, DUD is considered to be one of the most challenging datasets for virtual screening benchmarking tests currently available. Datasets for the following nine targets with different polar and geometric properties of the binding sites were selected for the evaluation of the AuPosSOM clustering efficiency: CDK2 (active compounds:decoys ratio 50:1779), COX1 (25:849), DHFR (201:3318), HIV protease (53:1885), HIV RT (40:1437), HSP90 (24:860), progesterone receptor (PR; 27:967), thrombin (65:2292), and trypsin (44:1544). Proteins with metal containing binding sites were not considered, as currently available docking programs do not efficiently treat interactions of ligands with metals. Corresponding protein structures for docking and ligands for definition of the docking search space were also retrieved from the DUD 2.0 database. files of targets and ligands. Protomol was generated with default parameters (threshold of 0.50 and bloat equal to 0). Each docking experiment was repeated 20 times yielding 20 docked poses. Ligand energy minimization prior to docking and all-atom-in-pocket minimization after docking was performed. Virtual screening with docking was performed on one Linux PC (quadricore Intel 2.66 GHz, 2 GB RAM). Four C Score 23 scoring functions were utilized for the evaluation of the docking results using the conventional energy scoring approach: ChemScore, PMF, G-score and D-score.
Contact selection
Identification of the protein ligand contact set that represents the difference in the binding modes between decoys and active compounds is a key point for successful clustering. Five types of atom selections were tested: 1. Hydrogen bonds (HB).
Interactions were computed for all possible donor acceptor pairs. An interaction was considered as a HB when the D-H...A distance was 1.85 Å ± 0.65 Å and the D-H...A angle was 180° ± 80°. 2. Coulomb contacts.
Contacts were searched between polar atoms with partial charges of opposite signs and greater than the threshold values. Thresholds of 0.3, 0.5 and 0.7 e for the module of the partial charge were tested for thrombin and HIV protease. Oxygen atoms were included as negatively charged for all selections. A threshold value of 0.5 e was selected as the best one corresponding to the results of the clustering ( Figure S1 ). Contacts were searched between the selected atoms at the distance less than the sum of Van der Waals radii plus constant. Four values of constant were tested: 0.0, 0.5, 1.0, 1.5 Å ( Figure S2 ). The distance of 1 Å was selected as the best one. The best values of the thresholds for partial charges and distances were implemented for all the other targets. 3. Lipophilic contacts 1.
Contacts between protons with the module of partial charges less than 0.1 e and within the distance of the sum of Van der Waals radii plus 0.5 Å. For the partial charges used in this work the selection included mainly aliphatic protons. 4. Lipophilic contacts 2.
Contacts between the following atoms: carbons of CH 2 and CH 3 groups, chlorine, bromine, and iodine atoms (which are not ions). Contacts were searched between the selected atoms on the distance less than the sum of Van der Waals radii plus constant. Three thresholds were tested for the distance constants: 0, 0.5, and 1.0 Å ( Figure S3 ). The threshold of 0.5 Å was selected as the best one.
All atom contacts.
Contacts between atoms of all types at the distance of the sum of Van der Waals radii. Contacts were selected in such a way that one atom belonged to the protein and another one to the ligand. Contact search was accomplished for all datasets. Atom selection and search for the contacts between ligands and receptors were performed using modified "findclash" and "findhbond" modules of Chimera 1.5. 24 
AuPosSOM clustering
AuPosSOM clustering was made for all nine datasets using all types of contact selection. Fingerprints were presented as one dimensional vectors and were generated as previously described. 19 Clustering was made using the unsupervised learning SOM algorithm implemented in AuPosSOM for each type of contact separately. Optimized parameters for clustering were obtained from Bouvier et al. 19 The 4x5 SOM matrix was utilized providing that the resulting tree of clusters of compounds could contain up to 20 leaves.
A filtering step was added in order to increase the efficiency of the SOM procedure and to facilitate calculations. The final clustering algorithm included three steps: (1) first round of clustering, (2) contact filtering, and (3) second round of clustering. As the SOM algorithm uses random value for the generation of the initial map, calculations were repeated ten times to obtain representative results. Two filters were then introduced. The first filter removed contacts that were very weakly populated and could be considered as noise. This facilitates calculation and simplifies manual contact analysis of the clustering results without influencing the SOM efficiency. A contact was considered as weak if its average population over all the leaves of the tree was less than 0.02. This population is caused by non systematic contacts of ligands with receptors and can be treated as noise. The second filter was constructed to remove contacts with large average population in all leaves. This procedure simplifies the contact matrix and increases the efficiency of the SOM clustering. Mean values for the contact population were calculated for each leaf of the tree and the average value of the obtained mean values was calculated. A contact was considered as equally populated and removed from the contact matrix if the following condition was true for all leaves of the tree:
where I contact mean leaf is the contact population's mean value for the leaf, I tree is the contact population value averaged submit your manuscript | www.dovepress.com
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over mean values for all leaves, and α = 0 and β = 3.2 are empirically optimized constants.
AuPosSOM scoring function
An empirical scoring function was developed for the identification of the leaves containing active compounds. In accordance with the contact activity relationship (CAR) concept, 19 it was proposed that active compounds should form more selective and highly populated contacts than decoys, as their affinity to the target is higher. In order to calculate scores for the leaves, I contact mean leaf values were calculated for each contact over each leaf. Each contact was weighted (W contact leaf ) for each leaf separately with respect to the following rules: A. If the contact is def ined as an equally populated contact with respect to the condition described below (equation (1); α = 0.05, β = 3.5), the negative value is assigned to the weight of the contact:
B. If the contact is not defined as an equally populated contact, the contact is described as selective and the positive value is assigned to the weight:
C. After the weight has been assigned I contact mean leaf is compared to the maximum mean contact population of the contacts in the leaves. If I contact mean leaf is higher than 90% of the maximum population, the contact is described as a highly populated contact and the assigned weight is increased:
The score for the leaf (S leaf ) was defined as:
where I is the number of the contact and N is the total number of contacts in the vector.
Data analysis
The efficiency of AuPosSOM was evaluated in two ways: 1. Receiver operating characteristic (ROC). ROC plots were calculated for both the AuPosSOM and the conventional scoring functions and compared.
True positive rate (TPR) and false positive rate (FPR) of ROC curve is defined as follows:
TPR = (True positive)/(True positive + False negative) and FPR = (False positive)/(True negative + False positive).
Thus, the good point on the ROC curve may correspond to a large number of decoys in the leaf together with active compounds if the pool of decoys is large. This is the case for the DUD database. To deal with this problem, the best leaf of the tree was defined and evaluated. 2. Percentage of active compounds in the leaf.
Two characteristics for the leaves were calculated to evaluate clustering efficiency: (i) the percentage of active compounds in the leaf selected from all active compounds in the dataset (active from all actives), and (ii) the percentage of active compounds in the leaf selected from all compounds in the leaf (active from all in the leaf). The best leaf of the AuPosSOM tree was defined as the leaf containing the maximum number of active compounds. Parameters of the best leaves were compared for all contact types and datasets. Two dimensional heat maps were used for visualization of the clustered vectors. This representation of the clustered vector matrix provides clear information about contact population distribution and allows for easily defined key contacts for the binding of the compounds clustered in the same leaf.
Results
Comparison of the AuPosSOM scoring and conventional scoring functions efficiency
Results of the docking for nine DUD datasets were evaluated using AuPosSOM clustering followed by scoring with the scoring function developed in this study. Comparison of ROC curves for the AuPosSOM and four conventional scoring functions revealed that for eight out of nine targets, the results yielded by AuPosSOM are as good as (or better than) the results obtained using the energy scoring approach ( Figure 1 and Table 1 ). Tested datasets can be divided into three groups based on clustering efficiency and ROC curves for scoring: DHFR, thrombin and trypsin (group 1) for which AuPosSOM was very efficient; progesterone receptor, HIV RT and HIV protease (group 2) for which AuPosSOM provided reasonable results; and HSP90, CDK2 and COX1 (group 3) for which AuPosSOM scoring did not identify a significant number of active compounds with clustering efficiency less than that for group 2.
AuPosSOM ROC curves for the group 1 datasets demonstrated a high level of active compound identifica- tion. The results for DHFR and thrombin datasets are better than those of the best energy scoring (PMF function for DHFR and ChemScore for thrombin). Only ChemScore is comparable to AuPosSOM scoring for the trypsin dataset. The group 2 datasets were challenging for both clustering and energy-scoring approaches. For the progesterone receptor dataset AuPosSOM scoring ROC curves are better than those of three scoring functions. HB contact selection and filtered coulomb contacts provided clustering scores that were as good as the best scoring functions for HIV protease. Energy scoring did not yield meaningful results for the HIV RT dataset. AuPosSOM scoring for coulomb contact selection was more efficient than energy function scoring. Both AuPosSOM and energy scoring approaches did not provide ROC plots that were significantly different from the random one for CDK2 and COX1 datasets. For the HSP90 dataset, AuPosSOM scoring was worse than three energy scoring functions, while energy scoring was not very efficient.
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Clustering efficiency
Coulomb and HB contact selections were the most efficient and provided the highest level of clustering of active compounds (Table 2 ). More than 80% of the active compounds were clustered in one leaf for the best contact selection for the targets from group 1. The best result was obtained for the DHFR coulomb contact dataset, with almost 90% of active compounds clustered in one leaf and only 5% of decoys from all compounds in the leaf. Clustering for progesterone receptor, HIV RT and HIV protease provided worse enrichment for the active compounds. The percentage of the active compounds in the best leaf from all compounds in the leaf was relatively low, between 14.5% to 18.5% for the best contact set. At the same time, more than 47% of the active compounds were clustered together for the best contact sets. HB selection gave the best results for progesterone receptor and the coulomb contact set was the best for HIV RT and HIV protease. HSP90, CDK2 and COX1 datasets appeared to be the most difficult to evaluate. A high number of decoys were clustered in the best leaves for CDK2 and COX1 targets. The evaluation of the HSP90 dataset was better for energy scoring functions compared to the AuPosSOM scoring, clustering yielding reasonable results for this target. The absence of populated contacts made it possible to cluster 55.2% of the active compounds in one leaf for the filtered matrix of coulomb contact selection. They formed 9% of the compounds of the cluster.
Clustering can be characterized by the ROC plots created using information about distances between the leaves in the tree to add points in the ROC space. Distance information points out the similarity of the clusters, the best leaf of the tree used as the starting point. These ROC plots provide results superior to the ones derived from AuPosSOM scoring ( Figure S5 ).
The observed set of contacts represents the properties of the protein binding site and ligands. Thus, the probability of obtaining a good clustering for a particular contact selection correlates with the properties of the receptor binding site. For example, COX1 bears a hydrophobic active site buried inside the protein globe. Only four atoms participate in the formation of HB with the compounds from the DUD dataset ( Figure 2 ). These contacts are present in all leaves, providing a highly similar geometry of the polar fragment organization in the docked conformations for both active compounds and decoys, and a low chance for good clustering. The hydrophobic contact set ( Figure S4 ) represents a significantly more heterogeneous contact population distribution, implying that hydrophobic contacts should play a key role in the activity, although there is still not enough difference in contact vectors for successful identification of the active compounds. The progesterone receptor's binding site also bears a small number of HB (6 atoms form HB contacts with the average population over all active compounds higher than 0.05 (Figure 2) ), while the dispersion of populations for the contacts between the leaves is much higher than that for the COX1 HB contact set. 53% of the active compounds form two very specific contacts, which makes their clustering in one leaf possible. Trypsin contains a polar active site [27] [28] [29] indicating that the analysis of the HB and coulomb contacts should give good results. Indeed, five atoms form very intense and specific HB with the active compounds (the average population over all active compounds higher than 0.8 ( Figure 2) ). Notably, more than 93% of the active compounds were clustered in one leaf.
The number of decoys clustered with the active compounds is relatively high, exceeding 50% for even the best targets (except DHFR). This problem can be attributed to the similarity of the contacts between the active compounds and some decoys, for example as is the case for the thrombin and trypsin HB contact sets. Another reason for this observation is the size of the SOM matrix that allows for the maximum of 20 clusters. This may not be enough for large datasets; although it was demonstrated that increasing the matrix size does not lead to better clustering. 16, 18 This problem may be fixed by constructing the subtree for the best leaf.
Construction of the subtree for the thrombin coulomb contact set led to the identification of 49% of the active compounds without decoys (Figure 3) . The trypsin coulomb contact clustering defined two families of active compounds Notes: Number of scored compounds with the highest scores for the calculation of the enrichments factors was defined as number of compounds in the best leaf of the tree (leaf with the highest score). AuPosSOM scoring data for the selected datasets is presented on Figure 6 . Abbreviations: AuPosSOM, Automatic analysis of poses using self-organizing maps; hB, hydrogen bonds.
submit your manuscript | www.dovepress.com Table 2 Parameters of the best leaves of the trees for all datasets with different contact fingerprints, yielding two leaves containing 69% and 25% of all active compounds respectively ( Figure 4A ). The subtree for vectors of these two leaves provided excellent clustering, with six leaves containing 94% of all active compounds without decoys ( Figure 4A and B) . A high rate of similarity between the contacts for decoys and active compounds meant that the coulomb contact subtree represented a difficult dataset for scoring. Meanwhile, the highest score was assigned to the best leaf, and 63% of all active compounds were identified without decoys ( Figure 4B ). In order to increase the efficiency of the ligands selection, the coulomb contact subtree was implemented for mapping of the HB and lipophilic type 2 contact vectors. As a result, vectors for HB, coulomb, and hydrophobic contacts were clustered in one tree, providing convenient data organization for scoring cross validation and comparison of the different types of contacts ( Figure 4A ). However, HB and lipophilic type 2 contacts of decoys and ligands differed significantly, as the selection of the compounds to the subtree was based on the similarity between coulomb contacts. This provided efficient scoring for these contact selections and a corresponding improvement of the ROC curves ( Figure 4B ). HB scoring selected four leaves with 86% of the active compounds without decoys. Lipophilic contacts scoring yielded a selection of 68% of ligands without decoys, 94% of the active compounds identified together with 0.3% of the decoys. In contrast to coulomb contact sets, the construction of subtrees for the HB contact sets of trypsin and thrombin did not result in an increase in clustering quality. This is due to the high similarity of HB contacts between active compounds and decoys clustered in the best leaf. In addition, the subtree for the DHFR HB data set yielded efficient clustering (data not shown).
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Contact selection
Five types of contact selection were utilized. One of the main goals of this procedure was to probe different types of contacts to find the types of contacts that yielded the best clustering of active compounds. Two types of contacts were described: polar contacts (selections 1 and 2), and lipophilic contacts (selections 3 and 4). All atom contact selection was made as a control for the presence of the specific contacts that were not included in other selections. Atom selection by partial charge was used for selections 2 and 3. This is a robust and flexible way to probe contacts between specific atoms. An additional reason for using this approach was to take into account the electrostatic properties of the molecules, as atoms with the highest partial charges of opposite signs could be expected to come into contact in a space. Atoms with partial charges close to zero could also be expected to group together as a result of hydrophobic interactions.
The best results were obtained for the HB and coulomb contact selections. Lipophilic and all contact evaluation of the interactions appeared to be not specific enough for efficient clustering. The coulomb contact selection yielded the best results for five targets (DHFR, thrombin, HIV RT, HIV protease, COX1, and HSP90) providing the highest enrichment of the best leaf (Table 2) . HB was better for PR, CDK2 and trypsin. The better clustering for the trypsin HB contact set can be explained by the fact that coulomb submit your manuscript | www.dovepress.com Dovepress Dovepress contacts represent more detailed information about binding by providing clustering of active compounds in two leaves. Selections 3 and 4 for lipophilic contacts yielded approximately the same results (Table 2) . Even for targets with hydrophobic binding sites, better clustering than polar selections was not achieved.
Filtering technique
The technique for filtering the contacts that are present in all leaves helps to simplify vectors for the SOM analysis and can increase its efficiency. Additionally, removing equally populated contacts can improve scoring and significantly simplifies visual identification of key contacts on the heat maps. The technique is especially useful when the number of equally populated contacts is much higher than the number of specific contacts. In this case high-populated non selective contacts mask the difference in binding modes and decrease the efficiency of AuPosSOM. Removing these contacts may significantly improve clustering. An example of this is the HIV protease coulomb contact dataset ( Figure 5 and Table 1 ). For good datasets, like DHFR, where a few very specific contacts are present for active compounds and where the number of contacts that are common for all leaves is not higher than the number of specific contacts, filtering decreases the number of decoys in the best leaf (Table 1) . However, this may also slightly decrease the number of active compounds. Removing weakly populated contacts does not influence clustering or scoring, but simultaneously simplifies the analysis of the heat maps. 
AuPosSOM scoring function
AuPosSOM scoring function provided good evaluation of the clustering, the scoring consistent with the distribution of the active compounds in the tree for eight datasets. AuPosSOM scoring for the clustered HB contact matrixes without filtering is shown in Figure 6 . Scoring function defined the best leaves for eight datasets unambiguously. Heat maps for the corresponding matrixes are displayed in Figure 2 . Careful analysis of the contacts revealed that clustering of the best leaf active compounds for the group 1 and progesterone receptor datasets is governed by the presence of selective contacts. For HIV RT, HIV protease, CDK2, and COX1 datasets, the best leaf ligands' clustering is mainly provided by highly populated contacts. These two types of contacts make a strong positive contribution to scoring, yielding the highest scores for the leaves containing active compounds. The HSP dataset was the most difficult for scoring, as active compounds did not contain remarkably populated HB contacts. This corresponds to a close to zero value of the score for the best leaf. Scoring values provide information about dispersion of the contact populations over the leaves. A negative scoring value indicates that the leaf contains mainly equally populated contacts. The absence of positive scores for all leaves of the tree implies that compounds of the dataset do not exhibit significant differences in the contact sets, and that the probability of efficient clustering is low.
Discussion
We have developed a scoring function for the identification of the active compounds in the AuPosSOM clustered dataset. The results demonstrate that the AuPosSOM contact analysis followed by scoring of the compounds using the scoring function developed can provide a high level of selection for active compounds. For three datasets, the clustering scoring method gave better ROC curves than the best energy scoring functions and for five datasets the efficiency was approximately the same. Thus, this new approach represents an alternative to the energy-based scoring functions and can be more efficient than conventional techniques. Construction of subtrees for the best leaves and cross validation of scoring for different types of contacts proved to be a powerful method for increasing the level of identification of active compounds.
Analysis of the results revealed that clustering efficiency depends strongly on the data set and contact selection. AuPosSOM ROC curves for the filtered coulomb contact selection were better or comparable to those of the conventional scoring functions for eight out of nine datasets, indicating that the clustering approach is more robust than the energy-based one. Score values may be used to estimate the probability for efficient clustering, while information regarding the receptor binding site's properties can also be helpful.
The clustering was efficient in cases where the difference between contact sets of active compounds and decoys was significant, while the presence of well-populated contacts for active compounds was additionally required for successful scoring. These conditions were satisfied for HB and coulomb contact selections for eight tested datasets. The only exception was the HSP90 target, for which active compounds were characterized by the absence of well-populated, selective HB and coulomb contacts. This may point out the need to search for new types of contact selection. At the same time, energy scoring did not provide good results for this target either. Altogether, these data may indicate that docking failed for HSP90. 
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Various contact selections were tested for clustering. They characterized two types of contacts: polar and lipophilic. Additionally, all contact selections were probed. Polar contact data sets provided significantly better clustering than lipophilic and all contact selections. Even for hydrophobic active sites, like that of COX-1, lipophilic datasets were not superior. The selection of the atoms by their partial charges appeared to be an efficient method for the evaluation of coulomb interactions, providing the best results for most of the targets. All atom selections failed as a result of masking of specific contacts by a high number of non specific interactions.
An important difference in the AuPosSOM clustering and scoring approach in comparison with the energy scoring approach, is that it takes information about the contacts of all poses of the docked compound simultaneously. This allows for average docking imperfections and avoids errors related to the best pose search. A weakness of this approach might be its inability to evaluate the results correctly when the number of poses with correct contact sets is low. In this setting, the energy scoring-based approach may be used to extract the right pose by energy estimation. Remarkably, in accordance with our results, the scoring functions used in the tests were not efficient for most of the difficult targets. Another important idea is that the contact-based approach does not take the conformation of the pose into consideration. This approach greatly simplifies the analysis, as the main 
requirement for successful clustering is the presence of a unique set of contacts for active compounds rather than the correct overall conformation of the pose. The latter is often hard to achieve, especially for ligands that were not obtained from the receptor's crystal structure used for docking.
Fingerprint heat map data representation allows for the identification of key contacts for groups of compounds, as well as easy comparison of contact sets for compounds of different structural families. The examples of the implementation of the AuPosSOM software demonstrate the possibility of its utilization for pharmacophore characterization and its applicability to CAR analysis. The analysis of a contact set of compounds with known activity can directly provide the requirements needed for a search of compounds with the highest binding affinity. The information about key contacts and their populations may also be utilized as a filter for screening large libraries of ligands. One of the recent uses of AuPosSOM clustering is the integrative computational protocol for the discovery of the inhibitors of the Helicobacter pylori nickel response regulator. 30 It is necessary to emphasize that the DUD database contains ligands and decoys that have similar physicochemical properties, and thus represents challenging objects for CAR analysis. For AuPosSOM contact-based clustering and scoring, the search for active compounds in libraries containing compounds with highly diverse properties, should be a much easier problem to manage than DUD datasets. Active compounds have a high affinity for the receptor and are expected to form the largest number of high-populated contacts corresponding to the decoys. Consequently, clusters with these vectors will be assigned the highest scores. Additionally, these clusters can be defined by the visual analysis of the heat maps. Good efficiency of clustering for libraries of compounds with highly diverse properties was demonstrated in our previous publication for Thrombin and HIV Protease targets. 19 Version 2.0 of AuPosSOM is available online (http:// www.aupossom.com). Further improvement of clustering and scoring efficiency is in progress. Notes: Different charges were tested for the contact search. rOC curves obtained using preliminary knowledge of the best leaf position in the tree and distances between the leaves in the tree. Notes: Different distances were tested for the contact search. rOC curves were obtained using preliminary knowledge of the best leaf position in the tree and distances between the leaves in the tree. Notes: Different distances were tested for the contact search. rOC curves were obtained using preliminary knowledge of the best leaf position in the tree and distances between the leaves in the tree. 
